Sustainable natural resource management requires inputs from both the natural and the social sciences. Since natural and social systems are inter-related and inter-dependent, it is essential that these data can be integrated within a given analysis, which requires that they are spatially compatible. However, existing environmental and socio-economic monitoring networks tend to observe, collect and report socio-economic and biophysical data separately; with the result that much of these data are spatially incompatible, adding to the complexity of objective and consistent resource management. We present an approach for overcoming spatial incompatibilities between socio-economic and biophysical data; based on a meta-modelling approach using Geographical Information Systems and an application of a water-use simulation model. The method is developed and applied to the irrigation agriculture sector in the Inkomati Water Management Area in South Africa. Agricultural 2 census data, which is measured on a magisterial district scale, is integrated with georeferenced land cover data, which is independent of political boundaries. This allows us to increase the resolution at which data on the economic value derived from irrigation water is presented, from coarse magisterial district scale to a finer (49km 2 ) 'meso-zone' scale, enabling more efficient allocations of irrigation water within magisterial districts.
Introduction
Interactions between social and natural systems involve complexities that constrain the ability of society to keep development and growth within the natural limits of ecosystems (Goodstein, 1999; 2000) . Three of the more obvious of these complexities include: a) understanding and accounting for the natural limits of ecosystems and the constraints to development and growth that these imply (Costanza and Daly, 1992) ; b) valuing and internalising the unaccounted for impacts of environmental degradation (Heal, 2000) ; and c) recognising and dealing with the spatial heterogeneity of landscapes (Eade and Moran, 1996; Bruggeman et al., 2005) . While the disciplines of ecological economics and environmental economics have developed and applied theoretical and methodological frameworks to address the first two of these challenges 1 , this study focuses on the third challenge, which has thus far received more limited attention.
In the face of rapidly declining stocks of natural capital and flows of ecosystem services due to unprecedented rates of land-use change, increasing water scarcity, and changing climates; natural-resource managers and environmental-policy makers are in desperate need of spatially accurate and relevant policy and management advice (Curtis et al., 2003; Ruth, 2006) . This information should be in the form of quantified tradeoffs between social, ecological and economic objectives across a landscape. This advice is needed to inform and support initiatives that: 1) increase the equity, effectiveness and/or efficiency of resource use by revealing information on the sources and drivers of change, and the economic and 1 The 'sustainomics' framework developed by Munasinghe (2002) , for example, attempts to address the first complexity by tempering the traditional, narrow, utility-maximisation approaches of economics with social and ecological sustainability criteria, in order to account for the overall resilience and robustness of natural and social systems. The second complexity is continually being addressed through the development and application of economic-valuation techniques (discussed and evaluated by, among others, Sinden and Griffith (2007) and Turner et al. (2003) ); and more recently using discourse-based approaches (Wilson and Howarth, 2002) .
social values generated (e.g., Jakeman and Letcher (2003) ); 2) improve the management and protection of existing conservation areas and expand existing protected area networks to increase resilience to climate change (Reyers et al., under review) ; and 3) aim to introduce incentive-based mechanisms (such as payments for ecosystem services) for ecosystem conservation and management (Blignaut et al., 2008) . For policy and management advice to effectively promote sustainability, it needs to account for the effects of varied topography and biophysical processes driving socio-economic patterns across large heterogeneous areas. Such advice can only be provided if the socio-economic and biophysical data can be integrated and analysed together.
The need to understand and address heterogeneity in the distribution of, and relationships between, human and ecological variables across landscapes is well recognised in the natural sciences (e.g. geography and ecology), which are concerned with understanding and modelling the causes and consequences of land-use changes over space and time (Irwin and Geoghegan, 2001; Van Delden et al., 2007) . The importance of space in influencing human behaviour is also acknowledged and accounted for in economic-related disciplines. For example, the travel-cost method accounts for the effect of distance on recreational demand (Tobias and Mendelsohn, 1991) , while hedonic models reveal the effect of location on property prices (Freeman, 1979) . In fact, the first 'spatial economics' was driven in the late 1970's by researchers working on urban and regional econometric models to understand variations in income and expenditure and to determine optimal solutions for associated investment activities (Bateman et al., 2002) . The techniques that were developed spread to mainstream economics during the 1980s and early 1990s (e.g., Anselin, 1988) .
Advances in remote sensing and other spatial technologies have increased the ability of researchers to conceptualise and analyse the geographical and environmental processes 5 associated with different land-use patterns (Irwin and Geoghegan, 2001 ). This has led to a rise in the use of GIS applications within the applied environmental economics literature (Bateman et al., 2002) . Applications of GIS in environmental economics include analysing the conversion of land parcels from agricultural to residential uses (Irwin and Geoghegan, 2001 ); analysing deforestation Irwin and Geoghegan, 2001) ; and understanding the spatial contexts (habitat, land cover) that drive natural processes like nutrient cycling (Bockstael, 1996; Wadsworth and Treweek, 1999) . These early efforts, however, have received considerable criticism regarding their unrealistic spatial assumptions (Lovett and Bateman, 2001; Bateman et al., 2002) . More complex, spatially explicit studies at the landscape scale, in which biophysical and socio-economic data are integrated and analysed using computer simulation models, have been undertaken more recently (Jakeman and Letcher, 2003; Hean et al., 2006) . However, these analyses, and the data used, are simulated rather than spatially referenced. Consequently, they are not impeded by the practical problems of integrating and mapping socio-economic and biophysical data types, as described in this paper.
Spatially-explicit social-ecological analyses are difficult because of the different scales at which socio-economic and biophysical data are collected and reported, the different units of measurement used for social and biophysical data, and the fact that the boundaries of biophysical and socio-economic variables do not coincide (Herr, 2007) . Socio-economic data are generally reported at a coarse (administrative boundary) scale (even if data are collected at household level, these are normally aggregated) and tend not to be spatially referenced at finer scales. Consequently, the exact locations of socio-economic variables within an administrative area are often not readily available, if at all, and the entire area tends to be allocated a single value for these variables, irrespective of the heterogeneity within that area. The aggregation of data in this way often limits its usefulness and reliability (depending on the problem at hand), and precludes opportunities for more detailed analysis within the area. It also makes comparison with bio-physical variables, which are reported at higher resolutions, challenging. Biophysical variables, on the other hand, are almost always spatially referenced, because this is an essential characteristic of these variables and because the techniques for collecting these data (e.g., remote sensing) allow for this. Further, the boundaries delimiting biophysical phenomena (natural boundaries) are invariably different from those delimiting socio-economic areas (artificial boundaries), which makes overlaying these data within a GIS environment challenging.
In this paper we present a methodological approach for overcoming spatial incompatibilities between socio-economic and biophysical data (temporal incompatibilities are not addressed). The method is developed using agricultural-economic census data (not spatially referenced) and geo-referenced biophysical data (land cover) for the Inkomati Water Management Area in South Africa. This is an administrative area that covers the South African portion of the Inkomati River Basin (Figure 1 ). More particularly, the methodology involves the transformation of gross economic values of water (as derived from its productive use in commercial irrigation agriculture), which vary across the landscape but are not spatially referenced, into a spatially-referenced GIS data layer compatible with existing biophysical data layers. The methodology is based on a metamodelling approach using a Geo-spatial Analysis Platform (GAP) (Council for Scientific and Industrial Research et al., 2007) , described in Box 1, and an application of the 'South African Procedure for estimating irrigation WAter requiremenTs' (SAPWAT) simulation model (Crosby, 1996) . The development of the modelling approach is described, and the results generated from its application are presented and discussed. The usefulness and relevance of such an approach to natural-resource managers and policy makers in South Africa and elsewhere are discussed, along with recommendations for future research.
Study area -the Inkomati Water Management Area
The GAP was developed specifically to address the problem of spatially incompatible 'large area statistics' and other limitations associated with indicators and related maps that portray the geography of need, development and sustainability in terms of an absolute, container view of space (Couclelis, 1991) . The underlying mesoframe methodology -developed by the Council for Scientific and Industrial Research (CSIR) Built Environment unit (Naudé et al., 2007) -overcomes the problem of spatially incompatible 'large area statistics' by re-scaling and assembling a variety of census, satellite imagery and other data sources in terms of a common set of mesoscale analysis units. This consists of 25 000 irregularly shaped meso-zones (approximately 49km 2 or 7 km by 7 km in size). The demarcation of meso-zones was determined using various types of boundaries (political, economic and biophysical). In particular, they were demarcated so as to nest within important administrative and physiographic boundaries, and to be connected to a digital road network for South Africa. A primary consideration was that these boundaries should correspond with travel barriers such as rivers and 'breaklines' between sparsely and densely populated areas.
The data rescaling methodology is similar to the method that was used to derive the 1km resolution Global Landscan population database (developed by the USA's Oak Ridge National Laboratory), where large area census information was disaggregated on the basis of fine-grained remote sensing information (Bhaduri et al., 2007) . The main difference is that a much coarser, irregular, meso-scale grid is used, thereby reducing high data transfer and computation requirements, as well as improving the capability to model inter-zonal linkages and spatial interactions. Linking back to the early distinction between absolute and relative conceptions of space, this enhances the capability to build models representing the relative or relational characteristics of space (Harvey, 1996) . an escarpment (the Mpumalanga Drakensberg) rising to an inland plateau ('highveld') further to the west.
Almost the entire Basin falls within a summer rainfall area, with cold but dry winters. Only the western mountainous areas experience year-round precipitation, in the form of orographic rain and mist. The main rivers draining the Basin are the Komati, Lomati, Crocodile, Elands, Kaap, Sabie, and Sand (Figure 1 ). These rise in the mountainous areas to the west and south of the Basin, and generally drain eastwards into the Inkomati River, which enters the sea at Maputo Bay in Mozambique. The vegetation in the South African portion of the Basin is dominated by mesic highveld grasslands in the western high-lying areas (annual precipitation varies between 650 and 1490 mm) and savanna/woodlands in the lowveld bioregion (between 350 and 1200 mm yr -1 ) (Mucina and Rutherford, 2006 Soppe et al., 2006) .
A method for overcoming spatial data incompatibilities
We illustrate our methodology using agricultural-economic census data as an example of a socio-economic data set, and land cover data as an example of a biophysical data set. Furthermore, we use the allocation of bulk water supplies between commercial irrigators as an example of a resource management problem. This example illustrates data incompatibility problems, the need for a flexible approach to overcome these issues, and the potential benefits that can realised from overcoming these problems. The allocation of bulk water supplies is based on both socio-economic and biophysical data that varies across space and time. Since the spatially relevant forms of these data are subject to the problems described in Section 1, it is difficult for decision makers to determine the spatial trade-offs involved when allocating water between spatially disparate agricultural water users.
A three-staged approach for integrating socio-economic and biophysical data is presented below. The first stage involves aligning coarse-scale agricultural-economic census data to fine-scale geo-referenced land cover data. The second stage involves estimating the gross economic values of water used in commercial crop production, and integrating these with existing land cover categories. The third and final step involves manipulating and presenting the estimated economic values spatially within a GIS environment. Each of these steps is described in detail below, while the entire process of converting the highly aggregated, spatially inexplicit agricultural census data into a spatially explicit GIS data layer is depicted graphically in Figure 2 . The approach to disaggregate and geo-reference the agricultural-economic census data involved:
1) Determining the magisterial districts 2 that fall wholly or partly within the Inkomati Water Management Area (WMA), and their associated areas (Table 2 ). For those magisterial districts only partly within the WMA, it was necessary to estimate areaweighted averages of all relevant variables based on the proportion of the area of these magisterial districts that fall within the study area.
2) Identifying the land cover categories that most closely represent the crop types that occur in each magisterial district 3 . For illustration purposes and to ensure clarity, we limited this to the commercial agricultural crops, which are adequately represented by five of the 49 land cover categories. However, these do not differentiate between crops. For example, the category 'cultivated, permanent, commercial, irrigated' includes orchards of various fruit (see Table 4 ).
3) Estimating the area of each of the selected land cover categories within the magisterial districts (Table 3 ). Since the 'cultivated, permanent, commercial, dryland' land cover category is represented by only 67 ha in the study area, this category is excluded from further analysis.
Step 2: Economic value derived from water per land cover category
The SAPWAT simulation model (Crosby, 1996) Since each of the four selected land cover categories consists of numerous commercial crops, and because SAPWAT can only simulate water requirements for a single crop at a time, it was necessary to select representative crops (we decided on a maximum of three)
based on the size of the cultivated areas of each crop within each land cover category, per magisterial district (Table 4) . Within the 'cultivated, temporary, commercial, irrigated' category, a distinction is made between 'field crops' and 'vegetables' because they have significantly different water-use profiles. In such cases, SAPWAT was run for each crop, and the outputs were combined for further analysis. The estimated total annual water use per land cover category as listed in Table 5 are area-weighted sums of the SAPWAT generated values for the representative crops (Table 4) The average gross economic value per ha per land cover category was then estimated by dividing the total gross farm income per land cover category (aggregation of the crops within that category) by the total hectares of that land cover category per magisterial district (as presented in Table 3 ). The economic values derived from agricultural water use (South African Rands 4 per m 3 ) per land cover category were estimated by dividing the total gross farm income per land cover category by the water use per category. Both estimates are presented in Table 6 for each land cover category and magisterial district. We are aware that these are not fully inclusive estimates of the value of water. Water is not the only input in agricultural production processes, and the value of water changes depending on its scarcity relative to that of other inputs, while the costs of supplying the water have also not been accounted for. It was not the aim of this paper, however, to provide a fully inclusive estimate of the value of water, and the estimates are adequate as relative values to inform water allocation decisions.
Step 3: Geo-spatial representation of the economic value derived from water used in irrigation agriculture
The South African Geo-spatial Analysis Platform (GAP) (Council for Scientific and Industrial Research et al., 2007) , described in Box 1, was used to spatially present the economic values estimated in Step 2 (Section 3.2). The GAP can be used as a generic, standardised unit to spatially represent socio-economic data in South Africa, as it includes a zonal database of key socio-economic, demographic and land cover variables. Although the data with which the database is populated is specific to South Africa, the GAP methodology could similarly be applied elsewhere.
To spatially represent the newly created data layer comprising of economic value estimates of Table 6 , it had to be aggregated to the meso-zone scale (49km 2 , the spatial unit used by the GAP). This aggregation step involved overlaying the land cover data with the mesozones (already a GIS data layer) (see arrow '2' in Figure 2 ). The economic value estimates could then be represented spatially at a meso-zone scale. We present only one example (the Barberton Magisterial District, which is the darker shaded area seen in Figure 1) in Figure 3 , which shows the economic values of water, derived from its productive use in sugarcane 5 ( Figure 3A ) and other irrigated commercial crops ( Figure 3B ).
Discussion
The significance of the methodology developed in this study lies in its ability to increase the resolution at which data on the economic value generated by the use of natural resources (in this case irrigation water) is presented, in this case from coarse magisterial district scale to the relatively fine (49km 2 ) meso-zone scale. This enables more efficient allocations of irrigation water within magisterial districts (although we acknowledge that allocation decisions are driven by various criteria apart from economic values). Water allocation decision-makers are therefore in a stronger position to justify both intra-and inter-district re-allocations. The method also facilitates the identification of specific areas within magisterial districts (on a meso-zone scale) to serve as focal points for intervention on key issues, such as rural to urban re-allocations (Gutman, 2007; Kroeger and Casey, 2007) .
The method also has potential to overcome problems related to the different boundaries for which socio-economic and biophysical data are reported. For example, the spatial representations of the economic values of water as used in the irrigation sector could be overlaid with other biophysical data layers, including runoff, rainfall, land degradation, temperature, and soil and vegetation types. This would improve the information available for water allocation decision making, which would enable more efficient and equitable water allocations amongst users. For example, the inequitable (and possibly inefficient) allocation of water resources away from rural areas (where they are generated) towards urban/developed areas could potentially be further interrogated and communicated using this methodology (Gutman, 2007; Kroeger and Casey, 2007) .
We therefore believe that this meta-modelling approach can add value to resource allocation decision-making processes in overcoming spatially-dependent socio-economic and regional planning challenges, because the overlaying of socio-economic and biophysical data layers can assist in the prioritisation of interventions for resource-stressed areas. It can also be used to communicate the environmental implications of existing distributions of social and economic activities (Bockstael, 1996; Eade and Moran, 1996; Deacon et al., 1998; Irwin and Geoghegan, 2001; Bateman et al., 2002; Lant et al., 2005; Sanchirico and Wilen, 2005; Hein et al., 2006) . The proposed method could be applied in any region or country where the required data is available.
It is recognised, however, that numerous limitations still exist, warranting further research.
Some suggestions for further research include: improving socio-economic data collection so as to be more compatible with biophysical data; developing statistical methods for interrogating spatial correlations between socio-economic and biophysical variables found using this method; and developing techniques for appraising links between ecosystem integrity and economic values under a range of socio-economic scenarios.
Acknowledgements
We thank our colleague Andries Naudé for providing the description of the South African Geospatial Analysis Platform and the anonymous reviewers who provided valuable comments on an earlier version of the paper. 
References

